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Session Objectives

* Articulate commonly accepted definitions of data, analytics and artificial
intelligence (Al)

* Evaluate a framework for assessing analytic maturity in healthcare
organizations

* Describe how data and Al are currently being used in North Carolina and by
healthcare organizations
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Commonly Accepted Definitions
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Data, Analytics & Artificial Intelligence

Common Definitions

Data: Structured or unstructured facts collected from various sources—
such as electronic health records, claims, or patient surveys—that serve as
the foundation for analysis and decision-making.
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Data, Analytics & Artificial Intelligence

Common Definitions
1.

Analytics: The systematic use of data, statistical analysis, and modeling
to uncover insights, identify patterns, and support decision making.

‘ﬂ Descriptive: \What happened?

Diagnhostic: \Why did it happen?
Predictive: What might happen?

Prescriptive: What should we do?

¥
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Data, Analytics & Artificial Intelligence

Common Definitions

had

Artificial Intelligence: A set of technologies that enable machines to
mimic human intelligence. SAS defines Al as the ability to automate
complex tasks that require human like intelligence.
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Data, Analytics & Artificial Intelligence

North Carolina Case Study

Copyright © SAS Institute Inc. All rights reserved.

We have been operating since
2015. We have thousands of
facilities live and sending data
including 145 hospitals.

We have over 14 million unique
patient records, and are connected
to 25 interstate and border states
through the eHealthExchange which
has data on DOD and the VA.

According to the most recent
numbers available, we are also
monitoring 7.4 million patients
through NC*Notify, generating 10.4
million alerts.

Welcome to NC HealthConnex | NC HIEA

NC HealthConnex by the Numbers
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Data, Analytics & Artificial Intelligence

North Carolina Case Study
A Deeper Look: The Impact of Clinical Data in Identifying Health

Outcomes
I Il Number of Medicaid Beneficiaries with Hypertension Identified as Having Their Blood Pressure
Under Control by Source (Administrative vs. Clinical Data).
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®m Administrative Data (i.e., Claims) ® Clinical Data (i.e., NC HealthConnex)

Welcome to NC HealthConnex | NC HIEA §SaS
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Data, Analytics & Artificial Intelligence

North Carolina Case Study

StrokeRegistry < M :
Welcome Total Stroke Volume by Patient Address Stroke Prevalence by Patient Address Encounters by Organization Trends Risk Factors Health Indicators Code Definitions
I I l Filters: ( NC
Risk Factors v Demographic v Geographic v
Risk Factor Summary Risk Factor Rates County vs State >
Risk Factors for Stroke by County Risk Factors for Stroke by Zip Code > aFib | Congestive Heart Failure | Coronary Artery Disease | Diabetes "

385,214 361,844 388,992 1,109,282

Risk Factors for Stroke by County “If akounty is selected via the map below, the pop-up datatip window wil I
not update for any filters applied afterwards, please de-select the county before applving addtional filters. 173,908 184,927 152,232 581,329
1,034 1,505 1,408 5,682
37 88 30 867
214 453 463 2,347
280 429 482 1,449
329 351 301 796
174 184 132 223

Greenville /
S 721 797 863 6,718
f 27 51 21 1,112
128 133 208 2,643
andy

prings o5 173 176 252 1,566

Report data loaded on: Thursday, May 30, 2024 11:10:59 AM
* Filters above will apply at the page level - this means when applied, all elements on the page will be affected (except the State Risk Rate, Geographic filters will not apply, asitis a
state summarv level). More than one filter can be aoplied at anv aiven time.

i NC HealthConnex
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Data, Analytics & Artificial Intelligence

North Carolina (under discussion)

SAS Health COleOt [* Mew conversation
Commeon data model connection: HLS_CDM_SNOWFLAKE « Model name: * ]

I Il e SAS Administrator TODAY

List of Patients with Chronic Kidney Disease stage 3to 5 List of Patients with Chronic Kidney D..

YESTERDAY
w o~ 5oL

List of Patients with Chronic Kidney D..

To retrieve a list of patients with Chronic Kidney Disease stage 3 to 5, you can use the following SQL query:
Female Patients between 18 to 45 ye. ..

Female Patients between 18 to 45 ye...

EELECT DISTINCT

HP.given_nm AS First_MName,
HP.family_nm AS Last_Name, Fernale Patients between 18 to 45 ye...
HP.birth dt AS Birth_Date,
HC.condition_cd,
HC.condition_display,
HC.onset_dttm,
HE.reason_display AS encounter reason, Female Patients between 18 to 45 ye...
HMED.medication cd,
HMED.medication_display,
HE.period_start_dttm, List of Patients with Chronic Kidney D..
HE.period end dttm

13 EROM

Count of Patients under the age of 5...

Female Patients between 18 to 45 ye...

Female Patients between 18 to 45 ye...

Female Patients between 18 to 45 ye. .

LAST 7 DAYS

This query selects distinct patient details including first name, last name, birth date, condition code, condition display, onset date, encounter reason,
medication code, medication display, and the period start and end dates for encounters. It joins the HLS_PATIENT, HLS_CONDITION, HLS_ENCOUNTER, and
HLS_MED_ADMINISTRATION tables and filters for conditions that match Chronic Kidney Disease stages 3, 4, or 5 [doc1]. What is the average time for infusion ..

i Female Patients between 18 to 45 ye. .
Can you provide me a treatment plan..

Male Patients with Creatinine value g...

Female Patients between 18 to 45 ye. .

Data Preview List of Patients with Chronic Kidney D..

Can you provide me a treatment prot. ..

£y First_Name &y Last_MName =1 Birth_Date &, condition_cd &y, condition_display % onset_ Can you provide me a treatment prot..

Billys93 Jacobidé2 Mov 12, 1939 433144002 Chronic kidney disease ... Jul1,z! Can you provide me a treatment prog

- ' . o Osas
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Generative Al vs. Traditional Al

Traditional Al Generative Al (GenAl)

- Traditional Al refers to systems that use < A subset of Al that creates new
algorithms to analyze data, detect content—such as text, images, audio, or
patterns, and make predictions or synthetic data—based on patterns
decisions based on historical data. learned from large datasets.

* |t excels at classification, forecasting, * |t generates novel outputs in response to
optimization, and decision automation. prompts, often using large language

models (LLMs) or generative adversarial
networks (GANS).

GenAl is not a replacement for traditional Al but a complement.

It is most powerful when integrated with governance, decisioning, and analytics lifecycle
tools to ensure trustworthy, explainable, and business-aligned outcomes.

Gsas
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Breaking Down Artificial Intelligence

Artificial Intelligence (Sub- Healthcare Application Traditional or Gen
Fields) Al?

Machine Learning Predicting hospital re-admissions Traditional Al
Computer Vision Medical Imaging Analysis that measures Traditional Al
effectiveness of cancer treatment (tumor
size)
Forecasting Forecast Capacity (ICU Beds Covid) Traditional Al
Optimization EMS or mobile medical clinic van routing Traditional Al

Natural Language Processing Drafting clinical summaries from structured Gen Al
notes

Osas
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What about CHAT GPT?

Chat GPT is GenAl.

Chat GPT is a just one of many large
language models (LLM) within natural
language processing (NLP) that is trained on
massive amounts of data to predict and
generate human-like language/responses.

There are also many non-healthcare and

healthcare companies that specialize in NLP.

SAS is using MS Copilot for NLP.
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What is Trustworthy Al?

SAS Model Manager - Manage Models

{EI < Models Opened Items
A Stent Failure Risk Project name: Stent(1.1) Publish <\ X
&
Model Card Files Variables Properties Versions
—
=&
— Overview
. Model Usage Stent Failure Risk version 1.1 @ ot
. . . . . . August 21, 2023 09:10 AM
The purpose of this model is to classify whether patients are at high risk Hed
Data Summary .
for stent placement failure. ) )
Influential Variables @
Model Summary ) ) ]
The most influential variables ranked by
Model Audit Model Health /N Caution Training  Performance monitoring relative impact:
GeographicMiss
Accuracy 6] Fairness ® Model Drift ®
Tags: Hours Active
«
Health Stent Risk Score MCE AUC Hours active Stent age Cell Design
Pa SS Gender Fa | I Et'rllic Pa SS Stent Age
Modeler: group
Allie DeLonay v v Fairness Variables o
TPR Event probability Model variables with information privacy
classifications: ®
Responsible party: @ Age @ Gender @ Ethnic Group
Smith HealthTech Inc. ) o . '
Published status: Limitations Fairness assessment Programming language:
documented: available:
Not
published Yes Yes SAS
»
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Traditional or GenAl?

Generating clinical summaries for transitions of care.
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Traditional or GenAl?

Generating clinical summaries for transitions of care.

GenAl. LLMs are used to gather data from various sources (progress notes, labs,
imaging results, medications (EHR), dictations, diagnoses vital signs, problems lists.
Relationships between the clinical terms are made. Once the Al understands inputs, it
uses NLP to write a summary which is validated by clinicians before incorporated into

workflow. Ssas



Traditional or GenAl?

Monitoring and evaluating chronic wounds, burns or ulcers.

SAS
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Traditional or GenAl?

Monitoring and evaluating chronic wounds, burns or ulcers.

Traditional. Computer vision can be used to measure wound
size, detect infection signs, and track healing progress over
time.

0sas
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Traditional or GenAl?

ldentifying patients likely to no show at their clinic
appointment.
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Traditional or GenAl?

ldentifying patients likely to no show at their clinic
appointment.

Traditional. Machine Learning models can be trained on historical
appointment data, such as age and gender, time of appointment, no
show history, distance to clinic, weather forecast, insurance type, to

identify risk of a no show. C
HSAS
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Traditional or GenAl?

Generating personalized health education materials.

SAS
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Traditional or GenAl?

Generating personalized health education materials.

GenAl. LLMs are used to gather data from various sources (diagnosis, condition,
demographics, health literacy, care plan and treatment details). Using natural language
understanding, the patient’s treatment journey is analyzed to highlight relevant
educational topics, the medical terminology and education plan is translated to
layman’s terms, and natural language is generated to create custom education content

with condition summary, and care instructions.



Analytics Maturity - Climbing the Analytics Ladder

Integrated Deployment

Automate the end-to-end process of
deploying models and decisions, enabling
optimal time-to-value of analytics.

Model Management

Consistently and safely develop,
validate, deliver & monitor models
that create a competitive advantage.

Al / Machine Learning

Utilize machine learning models to

learn from data without relying on
ritle-hased programming.

Modeling

Create a mathematical representation
of the variables in your observed data
and their underlying relationships.

Data Exploration & Visualization

Use charts and traditional data
mining technigues to uncover initial patterns,
characteristics and general points of interest.

Data Preparation

Automate the integration, standardization,
and transformation of any data for use in
down-stream processes.

_________________________________________________

Gsas
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GenAl Maturity Assessment

Observer

Observers are interested in GenAl's potential and are considering how they can best use it
to their advantage. They work for organizations where GenAl hasn't been implemented, or
only minimally, but the vast majority show interest in adopting the technology when the
time is right. Along with working towards their first pilot tests and use cases, most
Observers' organizations need to prepare for GenAl regulation, establish governance
frameworks and build training programs for staff in order to start effectively and
responsibly harnessing the power of this new technology.

https://www.sas.com/content/dam/SAS/documents/marketing-whitepapers
ebooks/ebooks/en/generative-ai-global-research-report-113914.pdf

Osas
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Data & Analytics Case Studies

Advancing Patient & Population Health
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500,000 medical records per Year
1400 average pages per record
40+ minutes to manually review each record

Copyright © SAS Institute Inc. All rights reserved.

Large US Payer, Healthcare Delivery

A federal health services division at a large US payer, faced a critical
challenges: how to efficiently process the massive volume of medical
records required for veteran’s prior authorization and disability
evaluations. This delayed veteran’s access to timely care and benefits.

By leveraging SAS Al for Medical Record Review which converts

medical record scans into structured, bookmarked data, clinicians can
quickly navigate to find key information required for authorizations.

Results

a 11 Million images processed daily

e /0% efficiency gained

$12M in estimated savings (>800,000 FTE hours/year or 350-
400 additional FTEs/year would be required to match
throughput)

Osas



Example: Extraction to Actionable Data

n'-'"‘uﬁ":‘ Be' i ve IQ'<-PR)¢'H'§ LR S
SECTION A PATIENT INFORMATION l
ORVER'S LICENSE NO LAKT HAME S BETG | AT NAWE ' Form structures can
1225212 Rvﬁ\e(fot 4 JoaeatVen cause lost context
MY SEX EYE COLOR DAYE COF BT TELEPRHONE NUMBES BNIAL BECURTY NIDABEF \
S S wowrm Ly ot .
ST 1™ [sLve |12 V2 190\ (419) 6H q-\\\\ YXX - XX ~ X XY X when using SECTION A PATIENT INFORMATION
STREETY ADDRESS A0 B cusbet misy te usnd 1 wodiibe te 1as sfual GITy STATE | 2P COUE . DRIVER'S LICENSE NO. LAST NAME(B) JR ETC FIRST NAME
gy wﬁ”i‘ "5'5 ”{:\“ T s:d:m Coor} % Standard Import 1235712 RUTHERFORD JONATHAN
A ) AD (=X
: ey : faci“ties HEIGHT SEX EYE COLOR DATE OF BIRTH TELEPHONE NUMBER SOCIAL SECURITY NUMBER
DATE OF EXAMINATION il laeao = : FEET INCHES M BLUE MONTH DAY YEAR (919)649-LLLL XXX-XX-XXXX
‘f*'-:»'.' kang hae you been reating the peatiem? S \1?0\(8 5 11 12 13 1970
SECTION B l STREET ADDRESS P.0O. BOX NUMBER MAY BE USED IN ADDITION TO THE ACTUAL CITY STATE ZIP CODE
’ ' 0 ADDRESS, BUT CANNOT BE USED AS THE CITY ADDRESS. NC 27612
CIAGNOSIS OF DISORDER OR DISABILITY Masse Check &' ADoropasio ftams 4532 F AiRHAVEN COURT RALEIGH
Loss o imparment of a Foot. Leg, Firger, @ Cogrtive mparment A‘zkde('s DATE OF EXAMINATION: 11|14]|2020
Thumb, o Mand - Conaiten Neuropaychiatne Dnordar: HOW LONG HAVE YOU BEEN TREATING THE PATIENT? 5 YPARS
& Ursane Diatenes Fayohiatne Deorder SECTION B
rfwtw{! "“"‘“"ff' Dmoxsa . Alcohol Abuze: BAG DIAGNOSIS OF DISORDER OR DISABILITY: PLEASE CHECK (V) APPROPRIATE ITEMS
‘wﬂ"&%”‘ -"‘*M' = Fﬂ«? o Conroied Substance AdLse: | LOSS OR IMPAIRMENT OF A FOOT, LEG, FINGER, COGNITION IMPAIRMENT:
THUMB, or HAND - CONDITION: NEUROPSYCHIATRIC DISORDER:
UNSTABLE DIABETES PSYCHIATRIC DISORDER:
CEREBRIAL VASCULAR DISEASE ALCOHOL ABUSE: BAC

Al allows for
maintaining the
structure leading to

i ] Doc|D License Lastname Firstname DOB Limb_Loss1 Unstable_Dia Cog_lmpair
actionable, normalized b
output 1201 1235212 Rutherford Jonathan  12/13/1961 NO YES Alzheimer's
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Medication Adherence Risk Prediction

A large US-based health plan analyzed their data related to medication
adherence for diabetes patients. With the health plan’'s goal of using
predictive analytics to bring the best to their members, this analysis
helps them be more proactive in identifying those members at risk for
non-adherence and putting programs in place to avoid that from
happening.

Key Takeaways

‘ Using SAS modeling algorithms, the plan identified the most important
factors that drive medication adherence in their diabetes patients.

medication at the end of a year, given their behaviors during the first

e The model predicts who will still be adhering to their diabetes
3 months of that year.

By 2030 diabetes will affect over 54 .9 a Findings might inform actionable programs that the plan can put into place
. L 5 : . to help their members be healthier and help reduce costs.

million Americans (16% of the population)®.

Medication adherence is one way to control

this number and the costs associated with
this trend.

* Source:
Center for Disease Control and Prevention, Long Term Trends in Diabetes, April 2017 §Sas
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Medication Adherence Risk Prediction

s Predict Med Adherence VA Demo ® 2 @ - * §  Opened reports (1)
New Users Risk Model Score Fit Statistics Definitions

Filters: No selections

Member Category Pharmacy ID Ordering Provider ID Member ID

Enter Member ID

Non Adherent Flag v l ’ Enter Top Pharmacy ID ‘ Enter Top Ordering Provider ID ‘

Members Initiating Central Nervous System Drugs

Member Details Comparison of Risk by County and Top Pharmacy Comparison of Risk by County and Top Prescriber >
sl & Y ek renige ST Mamborface  MorberGony Wbt TopOrleig Ton e pmupudan Mol inbor Dot i e Ot it Mamber ety ol somba i
armacy Claims

0.84 63325 45 F BLACK Beaufort sC 1640 19792 sss G 7 o
0.95 46879 2 F WHITE Aiken sC 2482 19706 $95 2 7 o2
0.82 52341 30 F WHITE Florence sC 5229 19280 $130 2 2 0 1
0.83 860 4 F WHITE Sumter e 16014 19294 $224 2 3 0 1
0.90 27910 a5 M WHITE Beaufort SC 13170 19853 $62 2 3 0 1
0.94 11632 52 F WHITE Lexington sC 4830 19213 $154 2 7 7

Non-Adherence Risk by Member Cou“ty Social Drivers of Health - Percents Social Drivers of Health - Counts >

m

nenterte e
15

Samoy

e
0 B4 Atlanta 10

Tuscaivons
® 5
®
ALABAMA s
- * Map data © OpenStreetMap 0
1 - High Risk 3 - Low Risk
1 Member Category
Number Distinct Member IDs I Percent Food Stamp [l Percent Disabled [l Percent with Less than High School Education [l Percent Uninsured [l Percent Public Transportation

0sas
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Emirates Health System is
using predictive analytics to
reduce no shows.

2022 STEVIE
WINNER

MIDDLE EAST &
NORTH AFRICA
STEVIE’AWARDS

EHS used SAS Model Studio to predict appointments that are at risk of
being no shows. Patients failing to show for clinic appointments

significantly affected delivery, cost of care & resource planning.

No show appointments were based on a variety of factors, including clinical area of service, time of appointment, and new vs. follow up appointment.
Care Providers & registration clerks were ably to identify patient flagged by the model, so they could be managed more efficiently, buy converting their
in-person appointment so virtual visits, or in cases of potential no-show by proactively calling them to cancel or rescheduled according to their
preference.

Osas
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SASE Visual Anelytics - Exploreland Visualize
* No-show and Late Cancellations_copy ® S @ 9 &
No-show end Late Cancellstion Rate YTD Automated Explanation YTD Executive Page Rough Draft YTD Cancel Ressons YTD No-show Crosstab YTD No-show Monthly Trend Future Appointment Scoring Historical Mo-show Dictionary Pege 16
Filters: ( 01/01/2023; 06/21/2023 )
01/01/2023 to 06/21/2023
O, O
01/01/2021 06/23/2023
l Clinic Name v | Specialty v
_— Attend No-Show
What are the characteristics of no_show?

MNo-Show is the least common value representing 10.00% (125 of 1.2K) of no_show. Another common value is Attend (at 90.00%). The three most related factors are Distance, Clinic Name, and Race and Ethnicity

Group.

What factors are most related to no_show?

Distance

Clnic Neme

Race and Ethnicity Group

Specishy | |

Patient Religion

Appointment Time Group

Sex

]

Telemsd

What are the groups based on Race and Ethnicity Group by the chance of no_show being No-Show?

High Low >
13.06% If Race and Ethnicity Group is Black, Hispanic/Latino, Other, or Missing. then no_show has a 13.06% chance
(96 of 735 cases) of being No-Show.
5.63% ¥ Race and Ethnicity Group is Asian or White , then no_show has a 5.63% chance (29 of 515 cases) of being No-

Show.

What is the relationship between no_show and Race and Ethnicity Group?
Race and Ethnicity Group

Hispanic/Latine

Black

Whits

Other

Asian

0 100 200 300 200
Frequency

H Ne-Show @ Auend

When Race and Ethnicity Group is Hispanic/Latino, the total count of No-Show is a high value; when Race and Ethnicity Group is Other or Asian,
the total count of No-Show is a low value. The most common Race and Ethnicity Group value is White.

Pinnacle No-Show Predictor, powered by SAS

Copyright © SAS Institute Inc. All rights reserved.
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2

No-show and Late Cancellations_copy

No-show end Late Cancelletion Rate YTD Automeated Explanation YTD Executive Page YTD Cancel Reesons YTD No-show Crossteb
Filters: 0.26%; 80.97% | > | 06/02/2023;07/01/2023
06/02/2023 to 07/01/2023 ‘ =
=
> &/

6/02/2023

07/01/2023 ‘ Specialty

Appointment Duration

30 45 60 90 120

YTO No-show Monthly Trend

Future Appointment Scoring

150 180 240 360

Predicted: no_show=No-Show v
78.39%

63.70%

L+

Predicted

: no_show=Attend

21.61%
36.30%
43.50%
43.91%
46.07%
47.03%
48.73%
50.12%
50.71%
50.71%
50.71%
50.71%
51.61%
51.70%
52.15%
52.33%
52.36%
52.46%
52.98%

52 GA%

ot

80.97%
Appt Status Appointment Status Sex Race and Ethnicity Group
BOOKED M Unkncown
BOOKED U Unknown
BOOKED F Unknown
BOOKED U Unknown
BOOKED U Unknown
BOOKED M Hispanic/Latino
BOOKED M Black
BOOKED F Hispanic/Latino
BOOKED M  Hispanic/Latino
BOOKED M Hispanic/Latino
BOOKED M Hispanic/Latino
BOOKED M  Hispanic/Latino
RESCHEDULED M White
BOOKED M Black
BOOKED F Black
BOOKED M Hispanic/Latino
BOOKED M  Hispanic/Latino
BOOKED M  Hispanic/Latino
BOOKED M Hispanic/Latino
ROOKEN F White

Pinnacle No-Show Predictor, powered by SAS

Copyright © SAS Institute Inc. All rights reserved.

Historicel No-show

420

Unit Number
77c011¢5-9d27-2849-293e-634217dded2e
23dcbbd1-bad0-3548-5401-1b8a1cd9e8b5
€129229a-00be-7647-8aec-a%ceedb1cbd8
c02ab52¢-848a-ff45-bfe2-170522¢8437b
284e0cdb-9302-1049-8¢c96-6aef38d4bacc
c10132b1-8752-044d-040-47fb435991bb
338fabc0-aeac-d848-81ef-c2923dfc3fec
34138e02-4131-0e44-9925-a2005bb50908
fi21edci-1bb4-e541-bff 7-62daeb3d73c1
13000922-924c-384c-8b5d-21f4b075d9c7
55214b6d-1256-3¢c41-8b32-8a610272a01%0
1965¢7e0-bdef-d245-8549-d8ded5a86650
4576c88e-2269-9d4a-a0d4-ecabd2169175
77a76dd1-b107-8e45-3e97-6b40feabbec
bcf2101e-940a-4242-87e1-bc70d4ccaa7?
7717033a-5722-c244-9¢11-fb539eed 6658
d7bd35bd-9af6-5a49-ad2-28be82e473a2
78{0eb58-1e1a-bf45-a3d1-db465cebiae?
bd12e005-d847-7¢c40-9f9a-42{b197a8571
AErrQA 71422 h-2NA2-R72A-F0AR A2 TQ7

Dictionary

Dete Renge Comparison

Age Group Appointment Date Appointment Time

0-4
0-4
0-4
0-4
0-4

10-14

10-14
n-4

06/07/2023
06/12/2023
06/29/2023
06/12/2023
06/07/2023
06/22/2023
06/21/2023
06/15/2023
06/05/2023
06/19/2023
06/26/2023
06/12/2023
06/19/2023
06/08/2023
06/09/2023
06/22/2023
06/08/2023
06/05/2023
06/09/2023
NA21/2023

01:00:00 PM
09:00:00 AM
09:00:00 AM
09:00:00 AM
08:30:00 AM
08:00:00 AM
02:30:00 PM
08:00:00 AM
09:15:00 AM
09:15:00 AM
09:15:00 AM
09:15:00 AM
01:00:00 PM
11:00:00 AM
05:00:00 PM
09:00:00 AM
08:00:00 AM
03:30:00 PM
01:00:00 PM
N3-00-0N P

Appointment Time Group
12PM-2PM
7AM-10AM
7AM-10AM
7AM-10AM
7AM-10AM
7AM-10AM
2PM-6PM
7AM-10AM
7AM-10AM
7AM-10AM
7AM-10AM
7AM-10AM
12PM-2PM
10AM-12PM
2PM-6PM
7AM-10AM
7AM-10AM
2PM-6PM
12PM-2PM

2PM-APM

We

W

‘.4'~J®

§sas
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The objective was to increase the

number of patient’s seen, reduce

clinician travel time, and improve
access to care

Copyright © SAS Institute Inc. All rights reserved.

Mobile Medical Van Routing

A healthcare delivery arm at a large US payer, operates a fleet of mobile medical units to
serve patients who cannot easily travel to care facilities. These units provide both routine and
specialized services (e.g., audiology, opthamology). SAS was used to optimize site selection
and routes, so more patients would have access to clinicians available on mobile routes.

Key Takeaways

a Patients and patient’s requiring specialized services, along with healthcare
delivery organizations, and community service locations, were mapped out
based on their geographical locations.

e Technologies such as Logate were employed to enhance the precision of
patient location.

SAS was utilized to create routing optimization models that incorporate
e geolocation, network community detection, and patient clustering, allowing
for the scoring and prioritization of potential service locations.

SAS was utilized to create visualizations that enabled decision-makers to see
4 various route alternatives and their effects on the number of patients served.

Osas



SAS® Visual Analytics - Explore and Visualize
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Key Takeaways

Although GenAl is generating interest
within the industry, healthcare providers
are caretully experimenting with it rather

than fully adopting it.

Analytics involves analyzing data Al involves building systems that

to uncover meaningful patterns, can mimic human intelligence
trends, or insights

In comparison, analytics and traditional
Al have more extensive applications in
healthcare to tackle various needs.

't is crucial to ensure governance and
GenAl is a sub-set of Al ChatGPT is one of many GenAl .
tools available trustworthy Al for accurate and unbiased
insights from these models.
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GenAl Maturity Assessment
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